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Candidate for Degree of Master of Science
In previous research, longleaf pine was shown to be spectrally separable from
loblolly pine when using high-resolution multispectral data from the WorldView-2
imaging satellite. However, analysis of such high-resolution datasets would be
computationally inefficient over a large landscape such as the southeastern United States.
Therefore, the objective of this thesis was to approximate the minimum spatial resolution
required to separate these two southern pine species. A pan-sharpened, spectrally subset
(NIR bands only) WorldView-2 dataset was spatially resampled from 0.46m to 0.5m,
1.0m, 2.0m, 4.0m, 8.0m, and 16.0m. Supervised classification was performed on each of
these resampled resolutions. The results of the overall accuracies of these classifications
showed that 2.0m is the approximate minimum spatial resolution required to accurately
separate these species. Classification accuracy drops between 2.0m and 4.0m as pixel
sizes more closely approximate tree crown sizes and spectral variance increases.
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CHAPTER I
INTRODUCTION
The longleaf pine (Pinus palustris Mill.) ecosystems of the southeast have
become one of the most degraded biomes in the United States. Historically, longleaf pine
was the dominant vegetation type across the Lower Coastal Plains but at present occupies
less than 5% of its historic geographic range (Burns and Honkala, 1990). The biodiversity
associated with longleaf pine ecosystems highlights the importance of restoration.
However, restoration has proven difficult as many remaining populations of longleaf pine
are spatially disjunct and largely unidentified.
Remote sensing with high-resolution satellite imagery provides an excellent
toolset for identifying vegetative species. Still, the process of identification through
remote sensing has challenges such as practicality and certainty of classification
(Schowengerdt, 1983). The datasets required for longleaf pine classification on a regionwide scale would be too large to manage at very high resolutions. These high resolutions
would also be financially straining for the analysts. Therefore, a goal of this project is to
advance the restoration of longleaf pine by discovering the minimum spatial resolution
required to provide acceptable longleaf pine classifications at regional scales.
Loblolly pine (Pinus taeda L.) has become the dominant pine cover type of the
southeastern United States. Loblolly pine is spectrally similar to longleaf pine but the two
species are spectrally different enough to be separated (Nieminen, 2014). Consequently,
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the next step in the attempt to create a viable method for region-wide assessment of
longleaf pine is to determine the minimum spatial resolution requirements to produce an
accurate classification of the species.
The primary objective of my study was to determine the lowest spatial resolution
of satellite imagery effective for locating and separating longleaf pine from loblolly pine
in a region-wide assessment. Maintaining accuracy and confidence in the classification of
longleaf pine while resampling the image resolution into coarser detail will provide an
approximate minimum working resolution for future research and mapping protocols.
The classification results were compared and contrasted at each stage of spatial
resampling and the contribution of errors and misclassifications that each level of
resampling presents was reported.
For this research, I predicted reducing the spatial resolution of the imagery would
in turn lessen classification accuracies when using pixel-based methods. Nonetheless,
acceptable separation between longleaf pine and loblolly pine would still be achievable
until individual pixels were comparable in size to the tree crowns. Alternatively, pixel
size would be a factor in accurately locating and classifying longleaf pine and any change
in pixel size would impact proper classification.
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CHAPTER II
REVIEW OF LITERATURE
Longleaf Pine (Pinus palustris Mill.)
Longleaf pine can be found in coastal and midland areas across the southeastern
United States (Little et al., 1980). The species ranges from southern Virginia in the north
and west to eastern Texas. Longleaf pine was the dominant canopy species of a once
extensive forest ecosystem (USGS, 2014a; Figure 2.1). Historically, longleaf pine forests
extended across the coastal plains of the southeast and encompassed 25 million hectares
of timberland before European settlement (Burns and Honkala, 1990). Less than 1.2
million hectares of the longleaf pine ecosystem presently exist. Longleaf pine ecosystems
harbor over 900 endemic plant species and several endangered wildlife species depend on
it (U.S. Fish & Wildlife Service, 2009).
Today, remnant stands of longleaf pine occur in wet flatwoods, plains, and
foothills (Little et al., 1980). Growing at elevations of 1-700m, longleaf pine thrives in
the Gulf of Mexico and Atlantic Coastal Plain climate of hot, humid summers and mild
winters (Farjon, 2013). Precipitation patterns show rainfall peaking during winter and
spring accompanied by a dry fall season (Burns and Honkala, 1990).

3

Figure 2.1

4

Map displaying the historical range of longleaf pine.

Although longleaf pine dominates the overstory, many other plant species can be
found within the longleaf pine community. Many of these plants are endemic and
dependent on the longleaf pine ecosystem, 29 of which are at least federally threatened
(Westerhold, 2013). Upwards of 40% of all flora in the southeastern coastal plains are
endemic to longleaf pine ecosystems (Walker, 1993). Longleaf pine once thrived within a
wide range of forest types from arid savannahs to poorly drained bottomlands but
conversion to agriculture and more recently commercial forestry has reduced its
geographic range and threatened the persistence of this ecosystem (Dickson, 2008). Plant
composition around longleaf pine changes with soil, topography, and location (Peet and
Allard, 1993). Dry, xeric communities are often located on coarse, well-drained, sandy
soils where mixed hardwoods often share the forest with longleaf pine.
Assorted shrubs are present in the understory and apart from bare soil, the ground
is often covered in grasses with a strong presence of legumes (Burns and Honkala, 1990;
Dickson, 2008; U.S. Forest Service, 1992). In its current condition, longleaf pine
frequently occurs in a mix of hardwoods, slash pine (Pinus elliottii Englem.), loblolly
pine, and/or shortleaf pine (Pinus echinata Miller) (U.S. Forest Service, 1992). Canopy
dominance of longleaf pine and its diverse understory are highly dependent on an
appropriate fire regime (Oswalt et al., 2012). Longleaf pine has some interesting and
unique biological characteristics that differentiate it from other southern pine species
(North Carolina Forest Service, 2011b).
Longleaf pine remains in its grass stage for two to six years with minimal vertical
growth (Virginia Department of Game and Inland Fisheries, 2007). In this early
development, longleaf focuses on expanding root systems and growing fire deterrent
5

foliage. The height of longleaf pines typically range from 20-30m with arced branches
ending in splayed, specular needle tufts (Little et al., 1980; Nieminen, 2014; The
Longleaf Alliance, 2013). Widely spaced crowns allow sunlight to reach the ground floor
in this open canopy forest and for understory reflectance to be seen from an aerial
perspective. In contrast morphologically, loblolly pine has a wider, more closed crown
along with straight branches and shorter needles (Little et al., 1980; Nieminen, 2014).
With a possible lifespan of up to 300 years, longleaf pine provides great carbon
sequestration capacity for aiding in atmospheric balance and climate stability (Sunday
and Forester, 2012). Longleaf is fire-resistant, even in its grass-stage due to the seedling’s
thick, expendable foliage (The Longleaf Alliance, 2009). As seedlings, longleaf pine
endures a short period where it is sensitive to fire, but this stage only lasts during the
transition from grass-stage to sapling. The thick bark of mature longleaf pines insulates
the trees from the heat (The Longleaf Alliance, 2013). Longleaf pine also depends on fire
to reduce plant competition and expose bare earth for seed germination (Brennan et al.,
1998).
Fire is the dominant factor in longleaf pine management. Longleaf pine
management often calls for a low intensity fire roughly every three years (Provencher et
al., 2001). Proper fire regimes positively influence crown photosynthesis, root health,
carbon allocation, and nutrient deposition (Virginia Department of Game and Inland
Fisheries, 2007). Long interim periods between fires cause fuel to accumulate and create
a greater risk of damage and mortality from the high-intensity fires (Labosier et al.,
2015). New surface roots emerge when acclimated to an absence of fire, but these roots
are killed when a high-intensity fire sweeps through the forest (Starr et al., 2014).
6

Dependent on these roots, the pine tree will experience water stress and stunted growth
(O’Brien et al., 2010).
Research in Louisiana concluded proper fire management improved carbon
allocation, biomass, and crown leaf area of longleaf pine (Sword and Kuehler, 2004).
This study also suggested herbicide was not an adequate management tool in comparison
to fire. Fire is a natural ecosystem disturbance of the longleaf ecosystem, promoting plant
species diversity through changes in understory composition, liter elimination, and
competition removal (Starr et al., 2014).
Absence of fire allows competing hardwood species to establish and grow until
becoming more fire tolerant (Roth and Franklin, 2012). Once this happens, removal of
encroaching trees may be necessary (Williams, 1998). Without fire, longleaf pine forests
will likely experience lower biodiversity, lower wood quality due to a lack of thermal
pruning, and an increase of insects and pathogens (The Longleaf Alliance, 2009).
Longleaf ecosystems provide quality habitats for many wildlife species (North
Carolina Forest Service, 2011a). Fire prevents the growth of woody vegetation while
allowing grasses, legumes, and shrubs to flourish. Snags, oftentimes created from intense
fires or wind damage, serve as nesting. These dead and decaying trees provide a suitable
habitat for birds, insects, reptiles, and amphibians (Van Lear et al., 2005).
The red-cockaded woodpecker (Picoides borealis Vieillot, hereafter RCW), is a
federally-listed endangered species that regularly lives in longleaf pine forests, but certain
criteria must be met before trees provide proper habitat (Dickson, 2008; Van Lear et al.,
2005). Red-cockaded woodpeckers benefit from the long lifespan of longleaf pine, fire
resistance, and large resin volume flow (U.S. Fish & Wildlife Service, 2005). These
7

woodpeckers create resin-coated nesting cavities for shelter and protection from predators
(Conner et al., 1998). Cavities can be used for many years by RCW nesting clusters (i.e.,
breeding pair plus nest helpers) and prefer modestly open, well-aged stands which are
usually over 80 years old (North Carolina Forest Service, 2011a). At least 27 species of
vertebrates use abandoned RCW cavities (U.S. Fish & Wildlife Service, 2015). Before
European settlement, the RCW likely inhabited 65% of all longleaf pine forests (U.S.
Fish & Wildlife Service, 2005). Relocation methods and artificial cavity inserts have
resulted in the recolonization of formerly occupied RCW range and population increase
(U.S. Fish & Wildlife Service, 2015; Van Lear et al., 2005).
Another wildlife species closely associated with longleaf pine forests is the
gopher tortoise (Gopherus polyphemus Daudin). The gopher tortoise prefers dry, sandy
soils in the more xeric ranges of the longleaf pine, but its habitat is being encroached
upon by human activities (Florida Fish and Wildlife Conservation Commission, 2005).
Gopher tortoises create burrows used by around 360 other species and a single gopher
tortoise may dig several burrows in its lifetime once they become sexually mature at 20
years old (North Florida Ecological Services Office, 2014). A low reproductive rate
coupled with a loss of habitat has caused a strain on their community (Dickson, 2008).
Since the beginning of the 20th century, gopher tortoise populations have declined by
80% (Van Lear et al., 2005).
Longleaf pine has the benefit of being under the care of many restoration efforts
including The Longleaf Alliance, Conservation Reserve Program (CRP), Wildlife Habitat
Incentives Program (WHIP), Environmental Quality Incentives Program (EQIP),
America’s Longleaf, and other private and federal agencies pursuing restoration.
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Incentive programs will often reimburse landowners up to 90% for planting and
management costs (The Longleaf Alliance, 2011). Economically, longleaf pine produces
straighter, denser, and more rigid wood than loblolly pine (North Carolina Forest Service,
2011b). Given its wood quality, long lifespan, disease resistance, and hurricane
resistance, longleaf pine is often seen as a superior choice for commercial pine
management (Barnard and Mayfield, 2009; Provencher et al., 2001). The purpose of
restoration falls between recovering the historical range of longleaf, converted into other
land uses, and providing habitat for endangered and endemic species (Virginia
Department of Game and Inland Fisheries, 2007). Since longleaf pine stands are still
sporadically present throughout its range, extensive restoration is thought to be possible
(Brockway et al., 2005). Under proper management conditions, longleaf pine forests can
support a biodiverse habitat while providing economic value (The Longleaf Alliance,
2011).
Remote Sensing
Resolution as Image Characteristics
In remote sensing, resolution can be viewed as the amount of detail available in
an image dataset. Temporal resolution refers to the time interval between collection of
images of the same area by the same sensor or platform (Campbell and Wynne, 2011d;
McCoy, 2005c). It can also refer to the usefulness of the image in respect to the time it
was taken as seasonality is important in forestry applications due to the variance in
foliage throughout the year (Eredics, 2010; Jones and Vaughn, 2010c).
Radiometric resolution refers to the range of values in a pixel as reflectance
reaching a sensor is converted into digital data made up of numerical values (Elachi,
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1987a; Slater, 1980a). These values are stored as bits in a file. The number of bits-perpixel is referred to as bit depth and imagery with an increased bit depth contains more
possibilities for contrast between pixels and this makes image interpretation more precise
(Slater, 1980c).
Spatial resolution refers to the smallest, separately recorded element on an image
when the sensor is perpendicular to the Earth’s surface, or at-nadir. (Campbell and
Wynne, 2011a,c). These “picture elements” have been colloquially referred to as pixels
(Billingsley, 1966). A pixel with smaller dimensions is said to have a higher spatial
resolution than a pixel with larger dimensions as it shows more geographic detail. Low
spatial resolutions cause objects to lose their definition in the image (Booth et al., 2005).
This distortion can be undesirable for detailed image interpretation and classification as
separate entities become merged into a large, single pixel or a smaller number of pixels
than provided by an image with a high spatial resolution (Whiteside et al., 2011; Liames
and Lunetta, 2013). In 2014, the U.S. Department of Commerce relaxed resolution
restrictions so that imaging satellites can provide datasets to the public at the best
possible spatial resolutions (Satellite Imaging Corporation, 2015a,b,d-g).
Spectral resolution refers to the range and separability of observable
electromagnetic energy wavelengths that a sensor is capable of detecting and then
displaying as a spectrally distinctive and diverse image (Lillesand et al., 2007c,d). This
range is not usually continuous, but compartmentally observed through separate detectors
in a sensor, each designed to pick up a specific range of electromagnetic energy. These
delineated parts of a whole are generally referred to as spectral bands. The number of
bands and the range of values within each band constitute the basics of spectral resolution
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(Campbell and Wynne, 2011b). High spectral resolution is not only about a sensor having
a wide range of observation but it is heavily dependent on the sensor having discernable,
accessible sections within that range (Elachi, 1987b). The number of bands and the width
of the observable spectrum only fully define the sensor’s spectral resolution when used
together. Spatial and spectral resolutions are closely interdependent for any form of
successful image analysis.
Different sensors have distinctive spectral capabilities and their images
demonstrate these differences. A panchromatic sensor creates a single band image that
covers a wide range of spectra without spectral discrimination in the dataset (Slater,
1980a,c). Appearing in use as a black and white image, panchromatic data are not
designed to exhibit spectral diversity but are often used to detect contrasting brightness
and spatial detail in the area being observed as they have a wide-ranging, non-specific
spectral resolution but a high spatial resolution relative to spectrally specific bands. In
addition to panchromatic, there are multispectral sensors as well. Multispectral sensors
collect data across several bands simultaneously with each band independently observing
a portion of spectra that typically falls between shortwave ultraviolet to longwave
infrared (Jones and Vaughan, 2010b; Slater, 1980d).
WorldView-2 Imaging Satellite
History and Features
WorldView-2, the first 8-band high-resolution multispectral commercial satellite,
was launched in 2009 by DigitalGlobe®. Sun-synchronously orbiting at an altitude of
770km, WorldView-2 can collect up to 975,000 sq. km per day and has a relatively quick

11

revisit time of 1.1 days. WorldView-2 is capable of a 0.46m at-nadir panchromatic spatial
resolution and a 1.84m at-nadir multispectral spatial resolution (DigitalGlobe, 2013d).
The eight multispectral sensors onboard WorldView-2 are “Coastal Blue”,
“Blue”, “Green”, “Yellow”, “Red”, “Red-Edge”, “Near-Infrared-1” (NIR1), and “NearInfrared-2” (NIR2) (DigitalGlobe, 2010c). Collecting with a dynamic range of 11-bits
per pixel, WorldView-2 has an at-nadir swath width of 16.4km and a max viewing angle
of 1355km including +/- 45° off-nadir viewing angles (DigitalGlobe, 2013d). Data from
this platform is made quickly available with full resolution now being legal to all
customers.
Unlike other common imaging satellites, WorldView-2 has high spatial and
spectral resolutions (Table 2.1). Most high-resolution commercial satellites observe
multispectral reflectance in four bands (“Blue”, “Green”, “Red”, and “Near-Infrared”)
whereas WorldView-2 extends and separates its observance of the near-infrared across
three bands (Figure 2.2). These NIR bands are important in forestry applications as
vegetation reflects most highly within the near-infrared (Figure 2.2).

12

Comparison of spatial and spectral resolutions between common imaging satellites.

Satellite

Panchromatic Multispectral
Multispectral Bands
Resolution
Resolution
WorldView-2
0.46m
1.84m
Coastal, Blue, Green, Yellow, Red, Red-Edge, NIR1, NIR2
GeoEye-1
0.46m
1.84m
Blue, Green, Red, NIR
Pleiades-1A/1B
0.50m
2.00m
Blue, Green, Red, NIR
QuickBird
0.65m
2.62m
Blue, Green, Red, NIR
IKONOS
0.82m
3.20m
Blue, Green, Red, NIR
SPOT 7
1.50m
6.00m
Blue, Green, Red, NIR
LANDSAT 8
15.0m
30.0m
Coastal, Blue, Green, Red, NIR, SWIR1, SWIR2, Cirrus
WorldView-2 data have the highest resolutions spatially and spectrally. Other high-resolution satellites offer similar spatial
resolutions but lack the spectral range of WorldView-2 (Satellite Imaging Corporation, 2015a,b,d-g; DigitalGlobe, 2013a-d).
Landsat 8 offers high spectral resolution but only achieves medium spatial resolution and the observable spectra of its infrared
bands do not cover the peak reflectance of vegetation as well as WorldView-2 (USGS, 2014b).

Table 2.1
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Figure 2.2

Spectral range of WorldView-2 bands by their associated wavelengths (λ).

Also shown is the general spectral response of vegetation and how observable vegetative
reflectance increases within the spectra recorded by the NIR bands (Red-Edge, NIR1, and
NIR2). Note that the spectral ranges of NIR1 and NIR2 overlap (DigitalGlobe, 2010c).
Spectral Bands
The eight narrow spectral bands on the WorldView-2 sensor were selected for
their sensitivity to commonly sought-after ground features. Band specifications and their
applications are detailed by DigitalGlobe® (DigitalGlobe, 2010c). The “Coastal Blue”
and “Blue” bands observe spectra where light is least absorbed by water and still
absorbed by chlorophyll where they can be used for oceanic and bathymetric research.
The wavelengths observed by these bands are also heavily scattered by the atmosphere
and are less useful for land cover analysis although they can assist in atmospheric
corrections.
14

Plant vigor can be observed using “Green” as healthy vegetation reflectance peaks
within green spectra of visible light. The “Yellow” band can be important for some
vegetation classification when used in conjunction with “Green”. The “Red” band is
useful in geological classification as well as plant classification because of red light’s low
vegetative reflectance due to its absorption by chlorophyll.
WorldView-2 is the first high-resolution commercial satellite to offer the “RedEdge” band which is meant to aid in vegetation studies and focuses on the transition
between red and near-infrared wavelengths where plants show a steep increase in
reflectivity (Figure 2.2). In forestry applications, “Red-Edge” is capable of separating
coniferous and deciduous trees based on health and age (DigitalGlobe, 2014c; Pu and
Landry, 2012). Finally, the overlapping bands, “Near-Infrared-1” and “Near-Infrared-2”
are designed for vegetation analysis, plant biomass, and discriminating between types of
vegetation (DigitalGlobe, 2010c; Sankey et al., 1991). For this research, only “RedEdge”, “Near-Infrared-1”, and “Near-Infrared-2” were used in classification.
With these tightly focused bands and a high spatial resolution, WorldView-2
provides data that are suitable for land cover classification at levels too fine for most
satellites as they do not discriminate wavelengths into eight bands. In-house studies by
DigitalGlobe® showed that having eight spectral bands demonstrated classification
improvements over the more traditional multispectral imagery of competing satellites
(DigitalGlobe, 2010c; DigitalGlobe, 2014c).
WorldView-2 has bands for many types of land cover analyses, but not all bands
are useful for each project. There are several combinations that work well for displaying
and analyzing vegetation. For differentiating between deciduous and coniferous
15

vegetation, a “modified false color” combination of “NIR1”, “Green”, and “Blue” is
useful (C-AGG, 2016). Concentrating on the transition between chlorophyll absorption
and reflection, the “NIR1”, “Red-Edge”, and “Red” band combination is helpful for
distinguishing bare soil from grasses but can sometimes have only subtle variation in
crown representation. Using bands sensing the longest wavelengths, the “NIR2”, “NIR1”,
and “Red-Edge” band combination is useful for detecting small changes in vegetation
land cover (C-AGG, 2016; Nieminen, 2014).
WorldView-2 data are usually scaled from 16-bit data and expressed as 11-bit
data (DigitialGlobe, 2014b). This means that there are 211 (2048) possible intensity values
for each band in the image. In the “Green” band, if a value is 0 then the pixel appears
black and if the value is 2047, the pixel appears bright green.
Imagery undergoes radiometric corrections before it is presented to the consumer
(DigitalGlobe, 2010a). These corrections attempt to account for sensor variabilities
including electronic gain, band registration, optical distortion, camera geometry, nonresponsive detectors, and particulate contamination of the lens. Radiometric gains and
offsets are removed from the raw data in addition to relative radiometric corrections
where the digital numbers of a pixel’s value are stretched to form a clear and equally
bright image across all bands before data are made available.
Supervised Classification
Digital image classification is the automatic procedure of assigning pixels to
thematic classes (Campbell and Wynne, 2011e). These classifications aid in visual image
comprehension and the ability to analyze land cover. Pixels can be compared and
categorized into classes based on their digital numbers which represent the spectral
16

reflectance and emittance associated with each pixel (Lillesand et al., 2007b,e). These
categorizations allow imagery to be treated as a map with each land cover class given a
thematic symbol.
Classification is achieved by the ability to recognize spectral patterns relating to
radiance measurements per band per pixel (Schowengerdt, 1983). Spectrally similar
pixels are grouped together to form classes that are intended to truthfully represent the
earth’s surface but errors and misclassifications will likely occur due to variability in the
imagery. Classification parameters can be set to recognize land cover through the spectral
similarities between pixel values that can often be viewed intuitively as texture,
proximity, size, shape, and context.
Supervised classification uses samples, or training data, of known groundcover to
facilitate in classifying pixels that do not have a known identity (McCoy, 2005a,b).
Training data refers to groups of pixels that have a defined association with ground-truth
data. Ground-truth data can come from field collections, GIS layers, topographic maps, or
any known groundcover dataset that is accurate and updated for the project at hand.
Using the locations of known groundcover, training data are collected around pixels that
are good spectral representations of their respective classes and do not fall between
categories as these pixels are used to model the assignment of spectral values to their
relevant classes
Software calculates classes based on the spectral similarity of unknown pixels
with values of known pixels associated with the training data (Lillesand et al., 2007e).
Pixels more similar to one sample than another will be assigned to the class of the more
similar sample. The preliminary step of recruiting training samples is of the utmost
17

importance to supervised classification. Each training sample is converted by the user
into a spectral signature. The mean spectral value of the sample areas are sorted by class
and compiled into a list where they can be evaluated and analyzed before classification
begins (Hexagon Geospatial, 2016b).
Supervised classification is limited by the parameters set in place by the analyst
with classes being defined manually instead of by the normal groupings of spectrally
similar pixels that makeup the classes of unsupervised classifications. User-made
parameters could lead to would-be varying classes being dissolved into a broader class
defined by the user (Campbell and Wynne, 2011e). Supervised classification methods
largely deal with algorithms calculating correlation, covariance, distance, or likelihood
between training samples and pixels in the imagery.
Accuracy Assessment and Classification Errors
A classification of digital imagery is only useful when it can be verified as an
accurate representation of land cover for a desired analysis. The accuracy of a completed
classification can be assessed through an error matrix, accuracy totals, and kappa
statistics, or κ-hat (Hexagon Geospatial, 2016b). It is impractical to verify the results of a
classified image on a pixel-by-pixel basis and therefore accuracy reports are helpful in
assessing the usefulness of the image for analysis. Classification accuracy is dependent
on the level of precision desired in the analysis. High-precision classes such as “longleaf
pine” and “loblolly pine” would likely result in lower classification accuracies than if the
classes were simply “vegetation” and “not vegetation” since the spectral response
between the two land covers is very similar. As precision can have an inverse relationship
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with accuracy it is important to balance both for any given analysis (Campbell and
Wynne, 2011a).
Accuracy should be assessed not through intuitive inference of how the map
should look but through repeatable measurements of a quantitative nature (Story and
Congalton, 1986). A thematic map should not be considered valid without evidence
supporting its accuracy. Errors can occur from spatial, radiometric, or spectral resolution.
Pixels representing a specific land cover can be merged spatially and spectrally and
become misclassified in the thematic image. Spatially, an error can occur when an
object’s size is poorly represented by the pixel’s size such as a small tree crown’s
reflectance being mixed in with surrounding land cover so that a large pixel reports a
spectrally merged area. Spectrally, data collected with few sensors or sensors that do not
observe in appropriate spectra could cause classification errors since the land cover
cannot be separated due to a lack of variance in pixels and covariance between pixels
across several bands. Errors can also arise from poor training samples and poor validation
samples (McCoy, 2005a,b).
Classification errors occur when a pixel is wrongfully assigned to a class when it
belongs in another class. Errors usually appear in patterns and are often associated with
certain classes that are representative of spectrally similar pixels. Pixels can also be
misclassified when they do not fall within the parameters of any class and are not allowed
to remain unclassified through thresholding techniques. These errors can be assessed with
the use of reference data or validation data though care should be taken when assessing
accuracy with reference data so that the user can differentiate non-site-specific accuracy
with site-specific accuracy (Congalton, 1988).
19

Locational accuracy is disregarded in non-site-specific accuracy assessments as
only categorical agreements are assessed. These categorical agreements can lead to
incorrect but high accuracies if classification errors cause apparent agreement with
reference data without spatial consideration (Congalton, 1991). Non-site-specific
accuracy can be revealed when a co-registered land cover map shows a classified image
to have highly accurate classifications, but the classes do not spatially align with their
appropriate land covers. If a map is 50% “deciduous forest” and the classified image is
50% “deciduous forest” then that class could be thought to have a high accuracy.
However, the pixels labeled “deciduous forest” may not spatially align with each other
and the image truly has a low accuracy with coincidental overall estimates of land cover.
Site-specific accuracy deals with the locational agreement of the classified image
with reference data as specific verification points in the image and can be assessed using
an error matrix (Lillesand et al., 2007a,e). The error matrix is a square table of results
where the columns and rows show the assignment of data to categories compared to
categories known through ground truth data (Congalton, 1988). In this table, reference
data are represented by columns and classification data are represented by rows. An error
matrix shows the agreement between a classified image and validation data on a
categorical basis to determine the accuracy of the classified image. Error matrices show
two types of error for each class; error of omission and error of commission.
Three types of accuracies result from the error matrix; producer’s accuracy, user’s
accuracy, and overall accuracy (Congalton, 1991). These accuracies are generally given
as a percentage. The producer of a map is concerned with the level of accuracy in which a
pixel is placed within the correct class. The user of a map is concerned with the reliability
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in which the classified image is correctly indicative of what land cover is truly present on
the ground (Story and Congalton, 1986). If a class had a producer’s accuracy of 90%, but
a user’s accuracy of only 40%, then the producer could claim to have correctly identified
that class 90% of the time. However, in practice, a user of the map would find that the
class only identified groundcover correctly 40% of the time.
The producer’s accuracy corresponds to error of omission and is calculated by
dividing the total number of correctly classified pixels in a class by the number of
reference data pixels in that class (Congalton, 1988). The user’s accuracy corresponds to
error of commission and is calculated by dividing the total number of correctly classified
pixels in a class by the total number of pixels in that class. Overall accuracy is the result
of dividing the total number of correctly classified pixels by the total number of pixels in
the error matrix.
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑟 =
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑢𝑠𝑒𝑟 =

correctly classified pixels in a class
reference pixels in that class

correctly classified pixels in a class

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑜𝑣𝑒𝑟𝑎𝑙𝑙 =

pixels in that class
correctly classified pixels
pixels in error matrix

× 100

× 100

× 100

(2.1)
(2.2)
(2.3)

Overall accuracy is a convenient descriptive statistic and is frequently used as a
standalone accuracy assessment without the inclusion of an error matrix (Campbell and
Wynne, 2011e; Congalton, 1991). However, the error matrix is important for
understanding error of commission, error of omission, error distribution across classes,
and class estimation. Overall accuracy results are summary averages that do not inform
the user of the distribution of errors. For instance, longleaf pine pixels may be more
susceptible to being misclassified as loblolly pine in a given classification or vice versa,
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but without the user’s accuracy and producer’s accuracy the results would only show a
summary accuracy that does not detail these errors.
The accuracies provided by the error matrix do not always reflect the success of
the classification and can be tested using discrete multivariate analysis (Rosenfield et al.,
1982). Satellite imagery data are discrete in that they can be counted and categorized into
a classification. Multispectral imagery is multivariate in that pixel values are not
normally distributed and can be classified based on their variance and covariance across
bands.
A common discrete multivariate test of accuracy assessment is Cohen’s Kappa
coefficient, estimated as a κ-hat statistic (Cohen, 1960; Rosenfield and Fitzpatrick-Lins,
1986). κ-hat is a measure of agreement between the accuracy of an actual classification
and the accuracy expected from a random classification. Essentially, κ-hat shows if the
result of a classification is better than a random result. Kappa considers the data that
make up the observed accuracy presented in the error matrix and adjusts these data for
the amount of agreement expected from a random classification where classes are
independent of any classifier parameters except for the nominal class categories. κ-hat is
computed by subtracting the expected agreement contribution from the observed
accuracy and then dividing this difference by one minus the expected agreement
contribution (Hudson and Ramm, 1987).
κ̂ =

observed accuracy−expected accuracy
1−expected accuracy

(2.4)

κ-hat ranges from less than or equal to one although values less than zero are rare
as they indicate agreement less than expected from a random classification (Cohen,
1960). A κ-hat value of one indicates perfect agreement while lesser values indicate
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imperfect agreements. For example, a κ-hat value of 0.70 would indicate that the
observed classification is 70% better than a random classification.
Supervised Classification for Tree Species Separation
Forests account for roughly one third of all land cover on earth and groundcover
classification plays an important role by estimating range, population, and density of
forest types (Jones and Vaughn, 2010a,f). Digital image interpretation has been available
since the 1970s, but its efficiency and practicality has increased over time. Lowresolution satellite imagery has been capable of providing data resulting in accurate
supervised classifications of forest types for decades (Evans, 1994; South Florida
Research Center, 1986).
The modern capabilities of image classification allows foresters to manage and
analyze stands remotely, quickly, and repeatedly (Jones and Vaughn, 2010c,d). However,
the majority of forest-related classifications deal with landscape-scale, low-precision
classifications or small-area, high-precision classifications but not high-precision
classifications at a landscape-scale as they are computationally and economically
strenuous. In many cases, imagery with the resolutions to classify with species-level
precision would be expensive and exhaustive to use for landscape-scale analysis
(LandInfo Worldwide Mapping, 2016). Species can be spectrally separated, but
difficulties arise when this process is tasked with classifying a region (Pu and Landry,
2012; Immitzer et al., 2012; Cochrane, 2000).
The spectral separability of forest species has been achieved with great success
with the use of hyperspectral imagery (Cochrane, 2000; Buddenbaum et al., 2005; Zhang
and Qiu, 2012). High-resolution aerial imagery is capable of precise forestry
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classifications as well (Verma et al., 2014). However, hyperspectral imagery is not
widely available through the satellite platform and the aerial imagery would be
computationally difficult to work with on a large scale.
Landsat data is still being used for broad land cover classifications but its low
resolution restricts the platform to landscape-scale precision (Wu et al., 2014; Sinha et
al., 2012). Region-wide species classifications would require a balance between
resolution and practicality. High-resolution satellite imagery has been shown to have the
spatial resolution to extract tree crowns and the spectral resolution to separate species
(Whiteside et al., 2011; Immitzer et al., 2012; Nieminen, 2014).
Landscape-scale plant detection classifications can be improved when using
WorldView-2 imagery over Landsat imagery but the goals of these classifications usually
involve broad assessments and not species separability (Sankey et al., 2014; Wu et al.,
2014). WorldView-2 data has the benefit of eight spectral bands and a pan-sharpened
spatial resolution of around 0.5m. WorldView-2 was compared to IKONOS for
separating tree species in Florida (Pu and Landry, 2012). This study involved separating
hardwoods with a focus on individual species of the genus Quercus but the project also
covered pines and palms as species groups. The results showed that WorldView-2
outperformed IKONOS with an accuracy increase of 16-18% regardless of band
combination.
An Austrian study involving the separation of five coniferous and five deciduous
temperate forest species found that WorldView-2 was able to provide an overall accuracy
of 82% (Immitzer et al., 2012). Pixel-based user’s accuracies ranged from 57%-92% and
producer’s accuracies ranged from 33% -94% with a κ-hat value of 0.678. Object-based
24

classifications showed improvements over pixel-based classifications in some cases of
species separation.
In previous research on longleaf pine-loblolly pine separation, WorldView-2 was
shown to be capable of spectrally separating the two species with slight variation in
classification accuracies involving seasonality (Nieminen, 2014). Understory
composition was shown to not have a significant influence on species separation. Crown
morphology could play the dominant role in spectral reflectance between species. The
goal of continuing this research is to see if this separation is enough to accurately classify
longleaf and loblolly in practice and to determine the minimum resolution required to do
so.
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METHODS
Fieldwork
Data Acquisition and Site Planning
Imagery used in this project was provided by the Department of Defense prior to
the start of the research. The imagery consisted of six scenes covering much of the Camp
Shelby Joint Forces Training Center and the surrounding De Soto National Forest in
southern Mississippi. Before a tree could be identified in the imagery with any certainty,
some ground truth samples had to be located in the field (Guo et al., 2012; Slater, 1980b).
Field site locations within the boundaries of the imagery were selected by using an ESRI®
polygon shapefile (.shp) that displayed stands owned by the U.S. Forest Service. The
shapefile that was superimposed over the project imagery was categorized by stand type
and condition class. The stands of interest were predominantly longleaf pine and loblolly
pine in mature and immature sawtimber condition classes so that relatively large
individual trees could be identified and sampled.
Accessible stands near roads that fell within the range of the satellite imagery
were selected to establish plots. Within these stands, the plots were created in areas where
the crowns of sample trees could be clearly seen in the imagery. This was to make tree
identification easier in later stages of image interpretation and to reduce the effects of
spectral merging between the sample trees and their surrounding understory. In the
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selected stands, tree locations were collected using stem-mapping techniques. In total, 30
plots were visited around the Camp Shelby area within De Soto National Forest.
Data Collection
Conventional but essential tools were used for fieldwork in this project. For stand
navigation and data collection, a Tripod Data Systems® (TDS) Recon 400X™ handheld
computer was connected to a Garmin® GPS 17HVS™ antenna to serve as the primary
GPS unit. This antenna provided a high horizontal positional accuracy capable of 1-2m
precision (Garmin, 2005). Since the antenna was worn as a backpack, the antenna’s
height removed signal interference and positional inaccuracies caused by the operator’s
body and the immediate understory. Within 20 minutes of initialization, the AutoLocate®
-enabled antenna was receiving WAAS (Wide Area Augmentation System) satellite
signals to enable high accuracy positioning at all of the project field sites.
Also connected to the handheld computer via Bluetooth® was a Laser
Technology, Inc.® (LTI) TruPulse® 360°R™ laser rangefinder. This rangefinder allowed
the trees to be sampled remotely from a plot center. This utilization of the rangefinder
created one location for GPS errors to occur, the plot center, as opposed to each tree
location having its own independent GPS errors. Data collection with the handheld
computer was accomplished with SOLO Forest®, a mobile-oriented geospatial software
created by Trimble®. The stand data, navigational data, and subsequent sampling data
were all handled in the field with this software. A laptop with ArcGIS® software and an
external hard drive ensured that backup data was readily available in the event of data
corruption or accidental deletion. A camera was used for photographic documentation of
each plot.
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Non-electronic equipment included an azimuth compass, a measuring tape,
flagging tape, stake flags, paper maps for stand navigation, and a workbook for physical
backup of data collected. The workbook contained two pages for each plot. The
Universal Transverse Mercator (UTM) coordinates of each plot center were written down
along with sampling data such as tree number, tree species, distance-from-plot-center,
compass azimuth, laser rangefinder azimuth, understory condition, and miscellaneous
comments. In the event that the data became corrupted or otherwise unusable, the
workbook allowed for a complete backup not dependent on data transfers or power
supplies.
At each plot, a center flag was placed and its position was recorded with WAAScorrected GPS. In order to maximize positional accuracy, the antenna remained
stationary for several seconds over the flag before the position was recorded. This was to
ensure that current differential correction messages had been received by the GPS unit
and so that plot centers were collected through positon averages instead of a single
observation.
Next, starting at the tree closest to 0°N and working clockwise, all canopy-level
tree locations within roughly 25m of each plot center were recorded using the laser
rangefinder (Figure 3.1). For this project, canopy-level trees were defined as mature,
upper-story trees that should be clearly, individually visible from the exospheric
perspective of the satellite. The laser rangefinder supplied accurate azimuth and distance
measurements of each tree from plot center. When all of the trees had been recorded, a
panoramic photo was taken of each plot to document the condition of the area being
sampled.
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Figure 3.1

Stem-mapping procedures used in the field.

Note in the illustration above that small, below-canopy trees and trees outside of the
approximate plot radius (red x’s) were excluded from data collection. Also note that trees
were collected in a clock-wise fashion starting at 0° North.
With the laser rangefinder straddled carefully over the previously recorded plot
center flag, each tree was shot at its horizontal center. Immediately, the azimuth and
distance from the remote recording was sent wirelessly to the handheld computer. The
metadata were entered into SOLO Forest®. Each tree had an individual ordinal number in
the file by default, but these data were not very insightful. In addition to its location, the
plot number, tree species, and identification number for every tree of a certain species
within the plot were documented.
For example, the third longleaf pine recorded in plot 16 would be written down as
“longleaf_16_3”. This entry method allowed for all trees to be accounted for individually.
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If a tree were to be missing or erroneously placed, this identification could help to rectify
the problem. If missing, that tree should be between the second and fourth longleaf pine
following the clockwise recording method. Also, with these data being entered in the
workbook, the chance of sample omission was almost removed.
The understory condition and miscellaneous comments section of the workbook
allowed for each plot to be additionally described by notable variables that could be
useful later. Understory species and density were noted as well as anything special that
could enhance the research such as recently dead or fallen trees that could still be present
in the satellite imagery. After each day of data collection, the recorded locations were
exported from the GPS unit to a shapefile format and were stored until fieldwork was
completed and then merged into a single shapefile dataset.
Image Preparation of WorldView-2 Data
Original Format
WorldView-2 data are supplied in hierarchical tier packages. The Base Product
provided for this project was Basic (1B) imagery and is the least processed tier of
imagery. Basic imagery is not geo-referenced, cartographically projected, orthorectified,
or pan-sharpened by DigitalGlobe®, although it has been corrected for internal sensor
geometry, optical distortions, sensor distortions, and radiometric distortions
(DigitalGlobe 2015; 2016b). Basic Imagery can be processed to obtain a geolocational
accuracy of around 5m but does not account for the influential effects of terrain relief or
the off-nadir angle that can be as high as 30°.
The data used in this research were formatted as a GeoTIFF (Geostationary Earth
Orbit Tagged Image File Format) image and the imagery had an acceptable off-nadir
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angle (National Geospatial-Intelligence Agency, 2005; 2011) (Figure 3.2). The Image
Metadata File (.imd) was used to check the product information (DigitalGlobe, 2010b).
The metadata of significant importance for classification was the off-nadir view angle.
The dataset was composed of six adjacent scenes overlaying De Soto National Forest.
Each scene had both panchromatic and multispectral imagery. The imagery provided was
taken in October, during the growing season, and had an off-nadir view angle of 14.2°,
which was within the acceptable off-nadir threshold angle of at most 20° (Aguilar et al.,
2013).

Figure 3.2

Effects of nadir shift on tree locations.

Illustration demonstrating tree crown locations at-nadir and the geolocational shift
(exaggerated for illustration purposes) occurring in off-nadir imagery. Note in the
illustration above that in off-nadir imagery, trees appear skewed in addition to having
incorrect locations with a heavy presence of shadows in the off-nadir imagery.
Orthorectification
Orthorectification is a geometry-correcting process for removing tilted image
displacements and terrain relief to create a constant scale across a planimetrically correct
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dataset (OSSIM, 2014; Wolf, 1974). Using elevation data to offset terrain variations,
orthorectified imagery shifts off-nadir pixels into their correct positions in the imagery
(ESRI, 2016a-c). Without orthorectification, photogrammetry would not be accurate and
GIS (Geographic Information System) vector data would not align to their corresponding
pixels in the image (McCarty, 2016). The Basic Imagery Product is not corrected for
terrain offsets and off-nadir effects but can achieve a geolocational accuracy of roughly
5m through user-based orthorectification (DigitalGlobe, 2016a,b). The off-nadir
displacement in the satellite imagery necessitated orthorectification to facilitate better
registration to field tree crown locations (Satellite Imaging Corporation, 2015c).
The WorldView-2 imagery was provided with linked Rational Polynomial
Coefficients (RPC). Each scene had an RPC00B (.rpb) file with its own set of RPCs.
RPCs are mathematical models that compare line and column positions in the image
space to latitude, longitude, and surface elevation (DigitalGlobe, 2014a; 2016a).The
RPCs related image coordinates with ground coordinates and offset the difference
(Boccardo et al., 2004). Undergoing this process, the imagery was transformed from its
incorrect perspective representation to a more correct orthogonal projection that more
closely aligned with the tree crown locations. Output pixel dimensions and values were
unchanged and the imagery was exported to a new orthorectified image using the nearest
neighbor resampling method.
Pan-sharpening
Pan-sharpening is the process of merging a higher spatial resolution panchromatic
image with the spectral properties of a lower spatial resolution multispectral image to
develop a high-resolution multispectral image (USGS, 2013). Both the panchromatic and
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multispectral images must co-register across the image space and should be temporally
linked (Campbell and Wynne, 2011b). The majority of pan-sharpening models are not
exclusive to any one sensor but provide basic methods applicable to many datasets. Color
distortions are the primary negative effect of most pan-sharpening methods (Belfiore and
Parente, 2015; Cheng and Chaapel, 2010; Jawak and Luis, 2013).
Traditional pan-sharpening methods have difficulties achieving both high spatial
resolution and color recovery as the transformation usually distorts the relationship
between the panchromatic and multispectral bands (Li et al., 2012; Jawak and Luis,
2013). A new method, called Hyperspherical Color Space (HCS), has been developed by
in-house DigitalGlobe® scientists specifically for WorldView-2 imagery to enhance the
spatial resolution while retaining accurate spectral information (Padwick et al., 2010).
Hyperspherical Color Space Pan-Sharpening
The HCS method was designed to handle any number of spectral bands as an
input while also retaining the spectral properties that are oftentimes lost in other pansharpening methods (Padwick et al., 2010). Color space is an arrangement of colors
where each color is given a digital value. The organization of these values creates a chart
with all possible colors being coordinately arranged. A hypersphere is a hyperdimensional set of points that retain a constant distance from a center point. Using this
method, native color space values are transformed to hyperspherical color space values.
Essentially, flat Cartesian-style color space is transformed into angular hyperspherical
color space. On the hypersphere, colors are defined by angular variables and intensities of
a color are defined by the radial component (Padwick and Deskevich, 2014) (Figure 3.3).
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Figure 3.3

Hyperspherical color space.

Illustration of point coordinates on a hypersphere at a constant intensity where all points
are at a constant distance from a center point and the angular variations from said center
point determines the color of each coordinate. (Padwick and Deskevich, 2014)
In previous research, a quality evaluation process based on spatial and spectral
integrity showed that HCS outperformed three other common pan-sharpening algorithms
(Padwick et al., 2010). The three algorithms competing against HCS were Hue-IntensitySaturation (HIS), Principal Components Analysis (PCA), and Gramm-Schmidt (GS). The
spectral quality was assessed using the Wang-Bovik quality index which measures image
quality by distortions in correlation, luminance, and contrast (Padwick et al., 2010; Wang
and Bovik, 2002). Spatial quality was assessed by cross correlating the panchromatic
band with the pan-sharpened bands. Through these evaluations, HCS garnered high
scores spatially and spectrally and showed the overall highest performance of all the
algorithms.
For this project, HCS was used to observe the intensity differences between
panchromatic and multispectral bands and offset these differences in the pan-sharpening
process. The panchromatic image was smoothed by a 7x7 convolution filter so that “the
value of the middle output pixel is the mean of all pixels in the window” (Padwick et al.,
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2010). The mean and standard deviation of the square of the smoothed panchromatic
band and the square of the multispectral intensity was then calculated.
After that, the square of the panchromatic band intensities and the square of the
smooth panchromatic band intensities were matched to the square of the multispectral
intensities as they were transformed from native color space to hyperspherical color space
(Padwick et al., 2010). The intensities were adjusted to create the pan-sharpened
intensities. These adjusted intensities were then substituted for the native color space
intensities (Padwick and Deskevich, 2014). This method lead to stronger color
replication in the pan-sharpened data. Again, the nearest neighbor technique was used as
a resampling method at the multispectral resolution. The statistical integrity of the data
was evaluated by comparing pan-sharpened data with original data. The nearest neighbor
approach performed well in reserving radiometric values in the data. Pan-sharpening was
performed after orthorectification so that the panchromatic band and the multispectral
bands would align spatially in the end product (Figure 3.4).

Figure 3.4

Pan-sharpened output.

Identical image subsets from October 07, 2013 showing the difference between
multispectral, panchromatic, and pan-sharpened WorldView-2 imagery.
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Mosaicking
Although the panchromatic and multispectral imagery had been merged to form
pan-sharpened images, the area was still separated into the six scenes of the original
dataset. Using ERDAS Imagine®, the separate images were merged together to create a
single image of the study area. This was done so that classification could be performed on
the entire area at once instead of in a piecewise fashion. During this process, care was
taken not the change any of the radiometric values of each image. Although they were
joined together, each area of the scene retained the data values of its respective pansharpened image. Radiometric correction was not needed prior to the mosaic since the six
individual scenes were acquired in rapid succession with no discernable atmospheric
change.
Spatial Subsetting
Large datasets with a high spatial and radiometric resolution can be difficult to
process. The October 07, 2013 mosaic image had land area coverage of approximately
1,180 sq. km. Once the scenes were mosaicked for classification, this large area was
difficult to process. Due to the sample trees not having representation across the full
dataset; classification assessment did not require this entire area. The large swaths of
imagery without field samples cannot be tested for classification accuracy so the imagery
was subset to a more manageable area of 235 sq. km. This subset did not affect
classification results as only points with ground truths within this spatial subset could be
assessed.
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Band Subsetting
In addition to spatial subsetting, the bands were also subset. WorldView-2 has 8
multispectral bands, but some are more useful than others for different projects. In the
case of tree species identification, bands of longer wavelength tend to be more important.
In previous work on the spectral separability of longleaf pine and loblolly pine, the
combination of bands 6, 7, and 8 (Red-Edge, Near-Infrared 1, and Near-Infrared 2
respectively) provided comparable results to using all bands (Nieminen, 2014).
Therefore, the imagery underwent a band subset and classification was performed only
on bands 6, 7, and 8. In addition to removing the inessential bands, this subset once again
created a smaller, more manageable dataset (Figure 3.6).

37

Figure 3.5
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Research sites and 3-band subset image relative to the full dataset and De Soto National Forest.

Pixel Spatial Resampling
The pan-sharpened imagery had a spatial resolution of 0.46m. The imagery was
also in World Geodetic System 1984 (WGS 1984), a geographic coordinate system with
degrees as linear units of measurement. The imagery was reprojected to a Cartesian
coordinate system, UTM Zone 16 North, which is the appropriate zone for the area of
study. UTM measures linear units as meters and aided in creating pixels with metric
dimensions. During this reprojection, the pixels were resampled from 0.46m to 0.5m
using a nearest neighbor algorithm. Resampling and squaring the pixels to 0.5m allowed
for an even starting place for the resolution-stepped classifications. The imagery was also
resampled to 1m, 2m, 4m, 8m, and 16m using the nearest neighbor resampling method
(Figure 3.7).

Figure 3.6

Spatial resolution resampling.

Identical subsets illustrating the difference between spatial resolutions in WorldView-2
imagery at 0.5, 1.0, 2.0, 4.0, 8.0, and 16.0m resolutions. Imagery above was taken from
the 3-Band October 07, 2013 WorldView-2 dataset.
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Classification
Data Preparation
Prior to classification, the vector-based point files associated with the sample trees
had to be geolocationally aligned so that the points matched their appropriate tree crowns.
Data alignment dealt largely with adjusting data for minor GPS errors and the 14.2° offnadir offset of the imagery. Tree crowns in the image appeared in the same
configurations as the shapefile points. Due to the single error source of the stem-mapping
process, tree samples from each plot retained the same relative position between each
other as their raster-based counterparts (Jones and Vaughn, 2010e). Shapefile point
alignment included shifting entire plots in a certain direction and fine-tuning point
locations so that they covered the center of their associated tree crowns.
Field collections provided 433 tree sample points associated with 30 plot centers;
263 longleaf pine points, and 170 loblolly pine points. In addition to data collected
specifically for this project, 608 points collected in a previous longleaf-loblolly study
were added to increase sample size (Nieminen, 2014). These points comprised 321
longleaf pine points and 287 loblolly pine points. The combined collections totaled 1041
tree crown points that were used in classification and validation.
The points used in classification were separated into two groups, training and
validation. This separation was performed by randomly assigning all points a value of 0
or 1. Points assigned a value of “0” were used as training points while points assigned a
“1” value were used as validation points. Training points included 295 longleaf pine
points and 233 loblolly pine points for a total of 528 points. Validation points included
289 longleaf points and 224 loblolly points for a total of 513 points.
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Spectral Signatures
Spectral signatures were collected from tree crowns associated with training
points. An Area-of-Interest (AOIs) was regionally grown around the pixel at each
training point (seed pixel) to create a polygon. Each polygon encompassed the tree crown
of their respective training point. The spectral values extracted from these AOIs were
used as spectral signatures in classification. The growing properties in this process
included an eight-pixel neighborhood mode with a region-based search radius of 8 pixels
and an outlier sensitivity of 0.5 in a range from 0 to 1.
The eight-pixel neighborhood mode considers diagonal pixels in addition to
vertical and horizontal pixels as contiguous to the seed pixel. Geographic constraints of
the growing process limited each polygon to an area of 40 pixels and a distance of 30
pixels from the seed pixel. Using these parameters, a list of spectral signatures was
created using AOIs which encompassed tree crowns based on each crown’s spectral and
spatial similarity to their respective training point seed pixel.
The 528 spectral signatures were then merged together based on location and
species. Individual tree crown signatures of a species were merged into a single species
signature by consolidating signatures of the same species from nearby plots that had the
same general conditions such as management, understory, and overstory. This merge
created one longleaf signature and one loblolly signature per area with each merged
signature consisting of 8-12 individual crown signatures. The merge provided a new set
of 49 spectral signatures (Figure 3.8)
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3-band plot-merged signatures.

Plot illustrating the spectral response of 49 merged signatures across 3 bands; Red-Edge, NIR1, and NIR2. Note that the plot legend
denotes outliers that deviated from the spectral responses of their peers. These outliers were separated for the visual convenience of
this figure but were not removed or otherwise handled differently for the final classifications as the classification accuracies were
shown to remain largely unaffected by these few outliers due to the robustness of the dataset.

Figure 3.7
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Supervised Classifiers
Supervised classifications were performed on the three-band spatial subset data at
resolutions of 0.5m, 1.0m, 2.0m, 4.0m, 8.0m, and 16.0m using ERDAS Imagine®. The
forty-nine merged spectral signatures of the training data were used as the signature file.
Classification was performed by a combination of classifiers. First the data were
subjected to a non-parametric parallelepiped model and then to a parametric Mahalanobis
distance model. This was done so that pixels confused or excluded from the
parallelepiped classifier could be classified through distance parameters. A parallelepiped
classifier is said to be non-parametric because it does not assume the data are normally
distributed (Al-doski et al., 2013). The parallelepiped decision rule assigns pixels to a
class based on its placement between upper and lower limits (Hexagon Geospatial,
2016a). These limits may include the minimum and maximum spectral values of each
signature or the mean of the spectral bands along with the additive and subtractive
standard deviations of those means and values as determined by the user.
Parallelepiped classifiers examine the range of spectral values associated with
each signature and analyze the overlap and variance between signature values and
unknown pixel values (Lillesand et al., 2007e). Pixels that are unknown are compared to
the spectral ranges of signatures and placed into the parallelepiped that most closely
represents that pixel. Pixel values in an image are placed into a multidimensional data
space where the planes of the data space represent value ranges of each band used in the
classification. The training sample values of the signatures are plotted in this data space
as a rectangular box that represents the spectral range of a class (Bhatta, 2013). These
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boxes are referred to as parallelepipeds. When unknown pixels are placed into a box they
are assumed to belong to that class due to their spectral similarity.
A parallelepiped classifier is limited since it is often unable to classify pixels
overlapping two or more boxes (Lillesand et al., 2007e). Pixels can also be misclassified
when they do not fall within a box. Parallelepipeds may also misclassify pixels when a
box is large enough to absorb pixels that are spectrally dissimilar to the mean of the
spectral signature. Increasing the standard deviations associated with training values
decreases the chances of a pixel remaining unclassified but increases the chance of the
pixel being misclassified as it may fall between the spectral ranges of two or more
classes. Sometimes pixels fall within the range of two or more competing signatures due
to spectral correlation or high covariance. When pixel values correspondingly vary across
two or more bands they exhibit high covariance which confuses a parallelepiped
classifier.
These disadvantages can be lessened with the addition of Mahalanobis distance as
a parametric model to classify pixels in overlapping boxes or falling outside of a box.
Mahalanobis distance assumes the data are normally distributed and a covariance matrix
is added to the classification (Hexagon Geospatial, 2016b). Mahalanobis distance
classifies by creating distance values and finding the shortest distance from the
measurement between a pixel’s vector and the mean vectors of the classes and assigning
the pixel to the closest class. Classes that vary considerably may have pixels whose
values are dissimilar to the mean of the training samples. These pixels can by correctly
classified by evaluating their covariance across all spectral bands.
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Accuracy Assessment
The classification resulted in 49 thematic classes with each class being made up
of pixels that corresponded to its respective spectral signature. The 49 classes were
recoded by species into two classes, “longleaf” and “loblolly”, so that each spectral class
was represented by only one thematic value. In the classified image, the first class
corresponding to longleaf pine was the first class and had a value of 1. The first class
corresponding to loblolly pine was the fourth class and had a value of 4. The recode
assigned all longleaf pine classes a value of 1 and all loblolly classes a value of 4.
After this recode, accuracy assessments were completed by using the 513 tree
crown points that were collected in the field, converted to a shapefile format, and
reserved for use as validation data. Within the shapefile, tree species text designations
were assigned to integer-based classes so that point values matched their respective class
values of the classified image. Therefore, in the vector data, “longleaf” was given a value
of 1 and “loblolly” given a value of 4.
Using ArcGIS®, the validation data shapefile was converted to three-column
ASCII text. The first two columns listed X and Y coordinates associated with each
validation point location while the third column listed class values that were used as the
reference in the accuracy assessments. The accuracy assessment provided an error matrix,
accuracy results, and kappa statistics which are referenced as κ-hat. These methods and
parameters were replicated in each of the spatial resample classifications.
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RESULTS
Classification Accuracies
The 3-band NIR (Red-Edge, NIR1, and NIR2) subset WorldView-2 dataset from
October 07, 2013 was classified at 0.5m, 1.0m, 2.0m, 4.0m, 8.0m, and 16.0m spatial
resolutions. These spatial resolutions were chosen as they approximate the capabilities of
many modern imaging satellites (Table 2.1). Forty-nine spectral signatures were used to
train the classifications with 513 ground-truth points used as validation data. The spectral
signatures came from region-grown AOIs representing 528 tree crowns used as training
data. These signatures were merged based on species and location to create the 49
averaged signatures. Although there were outliers in this signature dataset, removing
them only increased classification accuracy by less than 1% so these outliers were not
removed from the final project results.
The results of these classifications showed that overall classification accuracy and
overall κ-hat decreased as spatial resolution decreased (Table 4.1). However, user’s
accuracies, producer’s accuracies, and individual κ-hat fluctuated between spatial
resolutions. Overall results showed the largest decrease in accuracy and κ-hat between
2.0m and 4.0m resolutions.
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Table 4.1
Spatial
Resolution

Classification accuracy assessments.
Pine
Species
longleaf
loblolly

Reference
Data Totals
289
224

Classified
Totals
340
173

Number
Correct
259
143

Producer's
Accuracy
89.62%
63.84%

User's
Accuracy
76.18%
82.66%

0.4544
0.6922

80.97%
69.64%

77.48%
73.93%

0.4843
0.5373

66.78%
76.79%

78.78%
64.18%

0.5139
0.3641

49.48%
80.36%

76.47%
55.21%

0.4611
0.2050

40.83%
84.82%

77.63%
52.63%

0.4877
0.1592

42.56%
76.34%

69.89%
50.74%

0.3103
0.1256

κ̂

0.5m
Overall Accuracy: 78.36% Overall κ̂: 0.5486
longleaf
loblolly

289
224

302
211

234
156

1.0m
Overall Accuracy: 76.02% Overall κ̂: 0.5094
longleaf
loblolly

289
224

245
268

193
172

2.0m
Overall Accuracy: 71.15% Overall κ̂: 0.4263
longleaf
loblolly

289
224

187
326

143
180

4.0m
Overall Accuracy: 62.96% Overall κ̂: 0.2838
longleaf
loblolly

289
224

152
361

118
190

8.0m
Overall Accuracy: 60.04% Overall κ̂: 0.2400
longleaf
loblolly

289
224

176
337

123
171

16.0m
Overall Accuracy: 57.31% Overall κ̂: 0.1789

Classification accuracies regarding the supervised classifications of longleaf pine and
loblolly pine in 3-band subset (Red-Edge, NIR1, NIR2) WorldView-2 data at different
spatial resolutions.
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DISCUSSION
Fieldwork
Before embarking to the field sites, the procedures were extensively tested to
work out any procedural problems that could show up in the field. Wirelessly pairing the
antenna and the laser rangefinder to the handheld computer was problematic until
troubleshooting allowed for a proper understanding of the Bluetooth® port protocols. The
serial ports on the handheld computer can be difficult to work with if not researched
beforehand. The laser rangefinder also requires meticulous calibration before it can be
expected to perform properly. One drawback of the laser rangefinder is that its azimuth
readings can be influenced by nearby magnetic objects, magnetic pole declination,
changes in location, and excessive maneuvering of the device’s internal gyroscope.
These magnetic influences can cause tree locations to have incorrect azimuths, but
distance measurements remain unaffected. Unfortunately, some initial azimuth recordings
on the first day of data collection were not correct. The laser rangefinder was only
calibrated at the start of the day and not checked at each plot. Additionally, the laser
rangefinder was introduced to magnetic offsetting by tiny magnetic screws in a pair of
reading glasses. When the laser rangefinder was held up to the eye, it was close enough to
these screws to skew the azimuth recording.
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For the few affected tree locations, this was fixed by recording the magnetized
degree changes, introduced by the screws, at each cardinal direction and comparing them
to the azimuths recorded by the hand compass. Once it was established that the laser
rangefinder measurements were incorrect, the incorrect points were offset back to their
proper positions using the workbook, post-collection. Having so many backups and
auxiliary plans paid off as intended. To prevent further problems, the rangefinder was
checked for accuracy with a handheld compass at every plot and re-calibrated when
needed.
Image Preparation
The imagery datasets designated for this research were not usable in their entirety.
Initially there were five WorldView-2 datasets available for analysis but two of these
datasets had severe cloud while two of the remaining datasets were collected by the
satellite from a large off-nadir angle. The remaining dataset from October 07, 2013 was
used due to its lack of these undesirable qualities but also due to its temporal benefit of
being taken during the growing season. Still, this dataset had a 14.2° off-nadir angle
which was found to be enough to shift trees away from their geolocated field sample
counterparts.
This issue was rectified by observing the spatial patterns of tree crowns in the
imagery with the spatial patterns of the sample data. Most of the alignment was
accomplished by shifting groups of points en masse in a single direction to position them
over the tree crowns. Additional minor adjustments positioned these points directly over
the tops of their respective crowns. A few points (less than 10) proved difficult to tie to
their raster counterparts and were deleted as they could not be properly identified in the
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image with confidence. This deletion was a side effect of the nadir shift along with the
geolocational errors that regularly occur during GPS data collection.
Pan-sharpening resampling methods vary in their ability to retain the digital
number values of the original multispectral imagery. The Hyperspherical Color Space
method is an excellent pan-sharpening tool designed with WorldView-2 data in mind.
However, the user is still tasked with choosing between resampling methods. In contrast
to bilinear interpolation and cubic convolution, nearest neighbor resampling provides an
output that should not make radiometric changes to the original dataset’s digital numbers.
Unfortunately, due to the large size of the dataset, using the nearest neighborhood
method provided undesirable results on the full dataset. The image space was
transformed into a blocky, unusable dataset (Figure 5.1d). However, spatially subsetting
the image allowed the nearest neighbor resampling method to perform correctly and the
original pixel values were preserved. It is unknown why the nearest neighbor method
improperly executed on the full dataset but it was likely due to processing constraints set
by the software and available memory.
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Figure 5.1

Pan-sharpening methods.

WorldView-2 image data divided by resampling methods (bilinear interpolation, cubic
convolution, nearest neighbor, and nearest neighbor (as completed on the full dataset)).
Note that although they appear similar, only the nearest neighbor method preserved the
digital pixel values in the pan-sharpened output. Also note, a plot (blue point in lower
right of A) with several unadjusted longleaf crown locations (green points) can be seen in
the image.
The imagery datasets were too computationally demanding to be processed easily
and as stated, proper pan-sharpening using the nearest neighbor resampling method was
met with error. The robustness of eight-band high-resolution imagery spanning several
square kilometers was a limiting factor that was resolved through spatial and spectral
subsetting the imagery. Spatially subsetting the imagery to encompass little more than
required for classification drastically reduced the file size of the dataset and allowed for
proper resampling and subsequent analysis. The spatial subsetting did not compromise
the results of the project as there were no samples outside of this subset to be excluded.
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In preliminary tests, creating a three-band subset did affect the results of the
classifications in comparison to classifications performed on the full eight bands.
However, 0.5m classification results between these two band resolutions varied only
1.56% in overall accuracy and 0.0375 in overall κ-hat differences with the three-band
subset achieving the greater results in both categories. This small difference may be due
to the largest spectral separation between longleaf pine and loblolly pine occurring within
bands “6”, “7”, and “8” (Red-Edge, NIR1, and NIR2) (Figure 3.8).
Previous research showed that the NIR bands (Red-Edge, NIR1, and NIR2)
performed better at separating the species during the growing season than the visible
bands (Coastal Blue, Blue, Green, Yellow, and Red) with an 11% total accuracy increase
from 82% for the visible bands to 93% for the NIR bands (Nieminen, 2014). The NIR
bands alone were also shown to provide comparable separation results relative to eightband analysis with the eight-band results having a 3% increase in separability with a total
accuracy of 96% (Nieminen, 2014). The separability of using the NIR bands alone along
with the reduction in file size were the driving factors in creating and analyzing the threeband dataset.
The imagery comprising the October 07, 2013 dataset was mosaicked into a
single image in order to utilize all of the samples in the classification. The field site
collections encompassed several scenes of the dataset. If the images were to be classified
separately, they would not utilize all of the sample data. Therefore, the images were
mosaicked together so that all of the training data and verification data could be utilized.
The scenes shared same-day atmospheric conditions so no atmospheric corrections were
necessary. Individually, the six orthorectified, pan-sharpened scenes at a 0.5m resolution
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totaled 85.9GB. However, the spatial and spectral subsets allowed for a single mosaicked
image to total a much smaller 13.9GB at 0.5m resolution.
Classification
Instead of using single pixel samples, groups of pixels were encapsulated inside
of an AOI and the band means and associated variance and covariance of these crown
pixels comprised the spectral signature. An AOI was created from each training sample
by growing the AOI around the training sample with spectral and spatial parameters.
Pixels within a certain distance and within a spectral threshold in respect to the sample
location were chosen to become the AOI. Difficulties arose from calibrating these AOIs
so that the threshold pixels consistently covered entire tree crowns without extending to
shadow, understory, or groundcover. Once these thresholds were finalized, the next step
was to merge the spectral signatures. This was accomplished by merging the AOIs
according to their species and associated plot. In doing so, variance in morphological
differences between crowns of the same species were brought together to create
signatures of a more medial nature.
Merging the signatures could be undesirable due to the consolidation effectively
removing outlier spectral responses. However, by looking at the spectral responses
between the individual signatures and the merged signatures it was shown that both sets
followed the same response across all three bands and that a signature merge simply
reduced the number of signatures without changing the general spectral profiles between
species. This congruency might be attributed to Tobler’s first law of geography which
essentially states that objects of close proximity tend to be more similar than objects
further away (ESRI, 2016d). By merging signatures based on their locations, the
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signature profiles remained largely the same while gaining the computational benefit of
processing dozens of signatures instead of hundreds.
The final decision step before commencing classification was to choose a
classifier. The primary decision rule was to use parallelepiped classification. In the event
of overlap or exclusion, pixels were classified using the Mahalanobis distance rule.
Choosing this rule along with the creation of a distance file allowed for thresholding to be
performed on the imagery. This file contains distance values created from the
measurements between a pixel’s vector and the mean vector of the class. Also, common
land cover classes such as water, grass, bare earth, etc. were not collected as training data
or verification data. Many of these classes could be given training AOIs intuitively as
they are clearly seen in the imagery. However, creating AOIs without field verification
may have led to uncertainty in the extra classes and was avoided. This project was also
only concerned with testing the validity of classification between longleaf pine and
loblolly pine so more classes were not necessary.
Thresholding was initially implemented through a distance file to remove land
covers such as grass and water from the two class classifications. Distance file pixel
values show the spectral distance from dataset image pixel values to the spectral value of
a class(s) and allows image pixels to be added or removed from a class(s) based on a
confidence threshold set by the user (Hexagon Geospatial, 2016b). Thresholding was
successful when utilizing the typical confidence levels of 0.05-0.10. This thresholding
removed water, asphalt, bare earth, and some shadows. As spatial resolutions were
resampled, applying these thresholds created coarser, sparser maps where more pixels
were excluded from classification at every stage of resampling. A small threshold of
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0.05-0.10 did remove obvious land cover such as water but only by increasing the
threshold to non-standard levels did land cover such as grass become masked.
Subjecting these images to a large threshold to produce a more accurate visual
map was not desirable as it compromised the classification accuracies. The main
objective of this project was not to estimate longleaf pine or loblolly pine populations
within the imagery but to provide a methodological approach to determining the level at
which spatial resolution impacted the ability to spectrally separate them. So, for this
research, thresholding was mainly an aesthetic implementation and less of a functional
one and was not used in the final classifications. Approximating the lower resolution
limit was not expected or intended to be a “cure all” for longleaf pine restoration or land
cover classification efforts, but a tool for additional research.
Classification Results
The classification accuracies presented from this research verified the hypothesis
that classification accuracies can be expected to decrease as spatial resolution is
resampled although classification is still achievable at some resampling levels. The
overall accuracies and the associated overall κ-hat consistently decreased as spatial
resolution was resampled. From these results, substantial discrepancy between accuracy
results begins at the step between 2.0m and 4.0m resolutions. It is at this stage of
resampling that overall classification accuracy falls below 70% and the overall κ-hat falls
well below 0.50. At 4.0m resolution, overall accuracy drops nearly 10% and overall κ-hat
drops to nearly 0.25, or 25% better than a random classification. It is also at this stage
that some user’s and producer’s accuracies fell at or below 55%. This can be attributed to
the size of mature tree crowns in relation to pixel size.
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At 4.0m resolution, crowns are often restricted to one or two pixels as shown in
Figure 5.2. These resampled pixels can only be visually identified as trees by referencing
the image to imagery of higher resolutions. These few representative pixels are also
heavily influenced by their surrounding land cover. The spectral mixing that occurs at the
4.0m resolution gives the likely explanation for the loss in classification accuracy (Figure
5.2).
The lower spatial resolutions of 8.0m and 16.0m were not expected to perform
well but were included to further observe the influence of decreased spatial resolutions on
classification accuracy. Although spatially similar to pan-sharpened Landsat data, the
16.0m imagery of this research was still conducted using bands that are unavailable from
the Landsat platform (USGS, 2014b). Since the 16.0m imagery was resampled from
high-resolution imagery there is also a difference in that the original spectral and
radiometric resolutions of the 0.5m imagery could leave beneficial artifacts in the 16.0m
image. In speculation, this could lead to classifications with a higher accuracy than
possible with Landsat 8.
Although the overall classification accuracies and overall κ-hat decreased as the
imagery was resampled, the individual results between species fluctuated between
resamples. This is likely due to the morphological differences in the crowns of trees that
were sampled. As the dataset was resampled, apparent image crown size and spectral
reflectance changed the way it was classified. In the lower resolutions, crown pixels
could be merged in such a way that their values more closely resembled the other species
since variability increases in the lower resolutions and causes greater classification
confusion.
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Classifications at different spatial resolutions.

Identical subsets illustrating the differences between spatial resolutions and classifications in WorldView-2 imagery and the
classifications of that imagery at 0.5m, 1.0m, 2.0m, and 4.0m resolutions. Note that in the classified parts of this figure, red denotes
the “loblolly pine” class and green denotes the “longleaf pine” class.

Figure 5.2
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These classification fluctuations between resamples can also be attributed to the
influence of a binary classification on the lower resolutions. Within the given parameters,
pixels were forced to be either “loblolly” or “longleaf”. Through resampling, some pixels
simply shifted between these two classes as the pixels were spatially and spectrally
changed. This is where κ-hat became important. The drop from a 0.4263 overall κ-hat at
2.0m to 0.2838 at 4.0m demonstrated that the 4.0m resolution classification had a less
than 30% chance of picking the correct class over chance alone. It is the combination of a
large decrease between overall classification accuracy and overall κ-hat between 2.0m
and 4.0m that the 2.0m resolution can be recognized as an approximation of the lowest
spatial resolution advisable for separating longleaf pine from loblolly pine (Figure 5.2).
As previous work suggested, this research verified that longleaf pine and loblolly
pine were shown to be spectrally separable using the NIR bands of the WorldView-2
satellite (Nieminen, 2014). The spatial resolution restriction of approximately 2.0m for
quality classification is close to the resolution of the multispectral imagery before the
data was pan-sharpened. WorldView-2 multispectral sensors have an at-nadir spatial
resolution of 1.84m (DigitalGlobe, 2015). Since HCS was used as the pan-sharpening
method of this research, the 1.84m multispectral imagery should result in classification
accuracies similar to the 2.0m pan-sharpened resample.
The open crown morphology of longleaf pine may have assisted in the spectral
separability of the two species. Although not used, thresholding parameters were tested
and they showed that longleaf pine and understory grasses shared a spectral affinity.
Removing the grassy understory from the image through thresholding was difficult as
grass was often spectrally similar to longleaf pine. The threshold had to be so high that it
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regrettably removed longleaf class pixels in order to remove the classified pixels that
really represented grasses. Loblolly pine did not have this problem as it was more
spectrally dissimilar to the understory.
The inability to threshold grass pixels out of the classification is likely due to the
nature of the binary classification. It is possible that the reason longleaf pine was more
affected by these thresholds than loblolly pine is because the open crown morphology of
longleaf pine allowed understory reflectance to be detected by the satellite (Nieminen,
2014). The spectrally darker loblolly pine has a more closed structure so understory
reflectance would presumably have a smaller chance of shining through the crown
(Nieminen, 2014). The conclusion of a previous study suggested that understory
reflectance may not influence the spectral separability of longleaf pine and loblolly pine
as much as crown structure (Nieminen, 2014). The arced branches and dense, curving,
sun-exposed, specular tufts of needles on longleaf pine likely reflect light differently than
the straight branches with shorter, straighter, less specular tufts of needles on loblolly
pine (Hughes et al., 1986). From an exospheric perspective, these slight morphological
dissimilarities may be the key reasons longleaf pine reflects more near-infrared than
loblolly pine which tends to reflect light down into the crown (Hughes et al., 1986).
Spectrally separating longleaf pine from loblolly pine at a spatial resolution of 2m
suggests that longleaf pine can be successfully surveyed across the southeast without the
need of computationally intensive sub-meter spatial resolutions. This 2.0m suggestion is
dependent on crown size, as immature or smaller trees would require a higher spatial
resolution for classification. Trees in high density areas may also need higher spatial
resolutions as their spectral signatures are more likely to be mixed by other vegetation.
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However, a binary classification will not be sufficient for range and population
assessment. Even with appropriate thresholding parameters put into place, additional
classes must be put into the classification. For the purpose of longleaf pine detection, land
covers such as “bare earth”, “water”, “grass”, “shadow”, “other vegetation”, and “other
pine” need to be defined and used to train the classifier. These classes could be displayed
separately to create a visually pleasing map or combined simply show “longleaf” and
“not longleaf”. A classification trained on several land covers should provide results
leading to an accurate survey of longleaf pine across the southeast with the assumption
that some land covers will be spectrally similar to longleaf pine and that the classification
must be trained well.
Related Research
Longleaf pine and loblolly pine are morphologically and spectrally similar
relative to most remote sensing species separations. Also, the spatial and spectral
resolutions at which they were analyzed were lower than many studies. Species classes
were more diverse in a comparison that found WorldView-2 data to be superior to
IKONOS data for species mapping (Pu and Landry, 2012). According to Pu and Landry,
“sand live oak (Quercus geminata), laurel oak (Q. laurifolia), live oak (Q. virginiana),
pine (species group), palm (species group), camphor (Cinnamomum camphora), and
magnolia (Magnolia grandiflora)” were the species of interest. Samples were taken from
these trees by image objects stratified by species and sunlight reaching the crowns. The
error matrix for sunlit samples in WorldView-2 8-band data had an overall accuracy of
62.93% and an overall κ-hat of 0.5381 with “pine” having an individual user’s accuracy
of 69.61% and producer’s accuracy of 75.53%.
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Although WorldView-2 data consistently showed better results in comparison to
IKONOS, pines with shadowed crowns had higher user’s accuracies than sunlit crowns
regardless of the sensor and only a 1.37% decrease in producer’s accuracy between
crown illumination strata in WorldView-2 data (Pu and Landry, 2012). This phenomenon
only occurred in the “pine” class as all other species performed better with sunlit
samples. In my research, trees were purposely sampled to obtain sunlit crowns for
analysis. Perhaps shaded pine crowns could be useful in separating longleaf pine from
hardwood species in the future, but the shadows could cause the longleaf pine to lose its
spectral significance between other more similar pine species.
Pu and Landry (2012), specifically speculate that the overall16-18% increase in
accuracy of WorldView-2 data over IKONOS data could be due to spatial and spectral
resolution differences. This supports present results as multispectral WorldView-2 data
has a spatial resolution of 1.84m compared to the IKONOS resolution of 3.20m. The
pixel size increase from approximately 2.0m to over 3.0m in addition to the lack of
multiple NIR bands in IKONOS data gives possible evidence that near-infrared bands
and pixel sizes of 2.0m or less show increases in species classifications.
Another species classification study dealt with identifying Douglas fir
(Pseudotsuga menziesii) from Norway spruce (Picea abies) in a forest where hardwoods
shared the canopy (Buddenbaum et al., 2005). In addition to species, the trees were also
stratified by age. Younger trees consistently showed increased reflectance in the nearinfrared and were more spectrally separable. Classifications from various input data in
this study showed κ-hat results from 0.51-0.66 (average 0.5663) and overall accuracies
between 59.3-71.1% (average 62.69%) without post-classification analysis. These results
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were interesting as the species of interest are not from the same genus and the data was
collected using an airborne hyperspectral sensor with a 5.0m spatial resolution. Although
the spatial resolution used was lower than recommended for longleaf-loblolly
classifications using WorldView-2, this study showed accuracies comparable to my study
even though the species were more genetically different and the imagery was captured
aerially with a higher spectral resolution.
A hardwood species classification study in Florida attempted to separate 40
hardwood species and resulted in an overall accuracy of 68.8% and κ-hat of 0.66 (Zhang
and Qiu, 2012). Considering the large number of classes, these classification results
appear very good. However, these trees were located in an urban forest and data were
taken with an aerial hyperspectral camera in addition to high-resolution LiDAR data. The
authors attribute the classification results to the conjunction of hyperspectral resolution
and LiDAR. Additionally, the overall results may be inflated as most species had user’s
and producer’s accuracies typical of most classifications while 17 species had both user’s
and producer’s accuracies of 100% (Zhang and Qiu, 2012). These 17 species had very
low reference data averaging four reference trees per species. The classification was said
to have benefited from κ-hat since it disregarded sample sizes in the results. In
comparison, the trees showing more modest accuracies had tens or hundreds of reference
data. Also, most of the trees in this study did not share taxonomic families. Genetically
similar but morphologically dissimilar species such as post oak (Quercus stellata) and
live oak (Quercus virginiana) had individual accuracies in the 80th percentile. However,
these species were not under the influence of understory reflectance and were likely well
managed as they were ornamental, urban specimens.
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SUMMARY AND CONCLUSIONS
In continuation of previous research regarding the spectral separation of longleaf
pine and loblolly pine, this project began with the objective of discovering the minimum
spatial resolution required to successfully separate the species (Nieminen, 2014). The
raster dataset used in this research came from the WorldView-2 imaging satellite
platform. This imagery was collected over De Soto National Forest in southern
Mississippi and was provided by the Department of Defense – U.S. Army Corps of
Engineers – Engineer Research & Development Center – Construction Engineering
Research Lab (CERL) to aid in this research. The imagery was taken during the growing
season on October 07, 2013.
Fieldwork occurred within De Soto National Forest over the summer of 2015.
Using stratified forest-type stand data provided by the U.S. Forest Service, plots were
created within the National Forest using purposive cluster sampling (McCoy, 2005b).
Through this fieldwork, hundreds of samples representing the locations of individual
longleaf pines and loblolly pines were collected over 30 plots. In addition, more samples
from previous research were added to the dataset. These GPS locations were converted to
shapefiles and randomly separated into training and validation data for classification.
The imagery provided for this project was orthorectified using the rational
polynomial coefficients associated with the imagery. The orthorectified imagery was then
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pan-sharpened using the Hyperspherical Color Space method. This pan-sharpened
imagery was then subset spatially so that it extended no further than needed for this
research. Spectrally, the imagery was subset to include only the three near-infrared bands.
This subset was then spatially resampled to 0.5m, 1.0m, 2.0m, 4.0m, 8.0m, and 16.0m
resolutions. Spectral signatures were collected from this pan-sharpened subset imagery
using the training data at the 0.5m resolution. Signatures were created by growing AOIs
around individual tree crowns based on spatial and spectral constraints. These individual
signatures were then merged in accordance to their species and also by their plot. In all,
49 spectral signatures were used to classify the imagery into two classes; “longleaf pine”
and “loblolly pine”.
Supervised pixel-based classifications were performed on all of the resampled
imagery. A parallelepiped classifier was used in conjunction with a Mahalanobis distance
classifier to direct the decisions of the classification process. The resulting classifications
from the 49 spectral signatures were recoded into two classes; “longleaf pine” and
“loblolly pine”. These recoded images then underwent classification accuracy
assessments with the validation data being used as reference. The results showed that
classification accuracy decreases as the imagery is resampled to lower resolutions. From
these results, it can be determined that the minimum spatial resolution required for
acceptable separation between longleaf pine and loblolly pine is approximately 2.0m.
Resolutions coarser than 2.0m were shown to be insufficient as they had low
classification accuracies in addition to low certainties in the accuracy of the
classifications. The drop in classification accuracy between 2.0m and 4.0m can be
attributed to the size of the pixels in relation to the size of the tree crowns. At 4.0m, the
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pixels were assumed too spectrally mixed and were without spatial definition. These
qualities, which were induced by the resampling, are the reasons for the loss of
classification accuracies in imagery beyond the spatial resolution of 2.0m. The
classifications were also limited to two classes which likely introduced additional
confusion as pixels were forced into one class or the other.
In conclusion, this research has provided results that demonstrate the influence of
spatial resolution on longleaf pine identification. The hypothesis that spatial resampling
of the imagery would still provide valid classifications was supported. Some individual
producer and user accuracies were increased as the resolution was resampled, but the
overall accuracies decreased at each level. The advisable minimum resolution for
longleaf pine – loblolly pine separation through satellite remote sensing is approximately
2.0m. Resolutions lower than 2.0m are too inaccurate and too unpredictable as the
probability of a pixel receiving correct classification and had the largest shift in
confidence at these levels of resampling. The methods and results established in this
research should further prepare future projects in successfully mapping longleaf pine
across the southeastern United States.
Recommendations and Future Research
The 2.0m spatial requirement for separating longleaf pine from loblolly pine
should prove beneficial for future mapping endeavors. The computational and storage
advantages associated with lower resolution imagery would make the task of region-wide
assessment more manageable. However, the spectral band subset used in this research
was key to creating a feasible workspace. Longleaf pine also showed the greatest spectral
separation from loblolly pine within these NIR bands. Other high-resolution satellites do
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not have the spectral range of WorldView-2 and the spectral resolution may be of greater
importance than the spatial resolution when separating these species.
Longleaf pine and loblolly pine share a relatively similar spectral profile through
most of the visible bands of WorldView-2. Therefore, it may prove difficult to separate
these two species without the aid of the NIR bands that are largely exclusive to the
WorldView-2 / WorldView-3 constellation. Regardless, the next step in continuing this
research would be to use the spatial constraints demonstrated in these results to work
towards creating a region-wide assessment of longleaf pine. The temporal effects on
classification should also be researched as understory conditions and non-target species
could be more spectrally dissimilar to the target species during the leaf-off season.
Intricate classifications fleshed out with probabilities and thresholds between multiple
land cover classes could result in an accurate map displaying stands of longleaf pine
across the southeastern United States.
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